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systems. This has led to pervasive deforestation, severe 
droughts, dysfunction of the ecosystem, destruction of 
biodiversity, disturbance of soil microbiology, aggrava-
tion of soil erosion, degradation of grazing lands, air 
pollution and loss of wildlife, human life and property. 
In addition, the gases, heat, smoke, dust and aerosol 
particles emanating from the pyrogenic processes of 
fire are known to be precursors to global warming, 
climate change and micro- climatic modification at a 
local scale, such as in the study area, due to fire activi-
ties (Changnon, Holton 2003; Langmann et al. 2009; 
Ramanathan, Feng 2009; jury, Whitehall 2010; Arneth 
et al. 2010). Unfortunately, the unmitigated fire events 
has aggravated the socio-economic predicaments of 
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Abstract. The potentials of active fire product derived from Moderate Resolution Imaging Spectroradi-
ometer (MODIS) sensor on board of Terra and Aqua spacecrafts were examined for fire detection in a va-
riety of ecosystems in the south western Nigeria. Fire information were obtained from the archived time 
series MODIS active fire datasets for 10 years (january 2002 to December 2011)  and was superimposed 
on the map of ecosystem types (Intensively cultivated farmlands, woodlands, highland forest, freshwater 
swamp forest, tree crop plantation, forest plantation, mangrove forest and forest reserves) of the study 
area. MODIS active fire data were used to investigate the annual trends, geographical spread of fire oc-
currence and Principal Component Analysis (PCA) was used to identify the degree of fire events in each 
of ecosystems. The results show that MODIS active fire data imported into the Geographical Information 
Systems (GIS) data format and analyzed with PCA revealed that highland forest, forest plantation and 
intensively cultivated farmlands were heavily loaded on the first principal component and accounted for 
87.56% variance in the original data. The second principal component accounting for 4.72% is heavily 
loaded with freshwater swamp forest, forest reserves and tree crop plantation while the regression coef-
ficient of the component score matrix of the first principal component related to the original variables 
distinguished intensively cultivated farmlands and highland forest as the major source of ecosystems fire 
in the study area. It is concluded that MODIS active fire data together with PCA can provide a well co-
ordinated near real time information that will be valuable for early warning, monitoring, mitigation and 
intervention against active fire disaster and catastrophic biomass burning plus a supportive guide for post 
fire assessment and recovery.  
Keywords: satellite, GIS, optical systems, fire, ecosystem.
Introduction
Fire associated with biomass burning in ecosystems 
has long been utilized in agricultural practices in south 
western Nigeria. For example, in the clearing of arable 
lands, controlling insects and pests, regenerating of 
pastures, removing wastes from farmlands, soil fer-
tilisation, hunting and beekeeping (Raish, González-
Cabán et al. 2005; Haywood, Pelon et al. 2008; Mon-
tiel and Kraus 2010; d’Oliveira, Alvarado et al. 2011). 
However, in Nigeria the use of fire in agricultural 
activities has been a major policy concern due to the 
fact that frequent calamitous wildfire originates from 
the uncontrolled utilization with concomitant nega-
tive impacts on the environment and socio-economic 
82 E. Y. Ogunbadewa. identifying active fire in southwestern Nigeria with MODiS data and geographical...
the already vulnerable society where low level of tech-
nological development clearly shows that the existing 
capacity cannot cope with or proactively respond to 
the resultant perturbations of disastrous fire outbreak. 
Further more, most fire occurrence cut across admin-
istrative boundaries. Regrettably, the situation is likely 
to be worsened in the nearest future due to increase in 
the use of fire for clearing arable lands. Thus, in this 
type of environment, where deforestation by fire is a 
threat to ecosystem sustainability by biomass burn-
ing causing atmospheric upsurge in carbon emission, 
managing the uses of fire will require timely detection 
and location of possible areas of incidence as a fun-
damental lead to fire mitigation and carbon emission 
reduction programmes. In the study area, there is no 
quantitative and comprehensive data on the temporal 
and spatial information of fire incidence which is vi-
tal in mitigating impacts of fire emissions on climate. 
There is therefore a need for the most appropriate tech-
nique that has a measurable quantity and improved 
observation method that can give an insight into the 
nature, causes and magnitude of fire occurrence be-
fore adequate planning against catastrophic fire can 
be put in place. The most appropriate observation and 
data source, that can provide this information in near 
real-time and in terms of area extent is satellite remote 
sensing systems. 
Satellite remote sensing systems offers a scientific 
and technological innovations  into the study of inces-
sant active fire in ecosystems because of its capability 
of providing data at a higher acquisition frequency in 
real-time for extensively large areas as well as locating 
hotspots, tracking spread, identifying susceptibility, as-
sessing risks of active fire and post-fire damage at very 
low cost when compared with operational ground-
based and air-borne detection which are hampered 
by financial, logistical and technological constraints 
in the study area (Kiran Chand et al. 2006; Dlamini 
2009; Keeley 2009; Xu et al. 2010; Chuvieco et al. 2010; 
Devineau et al. 2010). Moreover the dangerous nature 
of active fire raises the concern for safety because ac-
cessibility to the areas of fire outburst is risky making 
observation by satellite remote systems the most suit-
able and significant data source as the data is remotely 
collected without physical contact with the data collec-
tor and environment. 
The aim of this study is to identify the degree of 
active fire in each type of the ecosystems in the study 
area with remote sensing data derived from MODIS 
active fire product and evaluate the data obtained with 
Principal Component Analysis (PCA).
1. Fire detection techniques by remote  
sensing systems
There are three major techniques of fire detection by 
remote sensing systems. Namely; threshold, contextu-
al and associated fire attributes techniques. The 
threshold methods flag temperatures higher than the 
normal land surface background temperatures as fire. 
The threshold methods are of two types; these inclu-
de fixed/single threshold and multichannel threshold 
methods. The fixed/single channel method uses a fixed 
channel of mid-infrared wavelength because this por-
tion provides a strong signal of fires with peak radi-
ation at 3.5 μm to 5 μm that enables differentiation 
between hotspots and cold surroundings. However, 
the limitation of using single channel mid-infrared 
brightness temperature threshold is that other non-fire 
sources such as rock and bare ground can also induce 
high mid-infrared brightness temperature. Thus there 
is propensity of false alarm when using a single chan-
nel mid-infrared brightness temperature threshold 
(justice et al. 1996; Giglio et al. 2009). Despite the low 
saturation level (325K), fixed/single is not duly affected 
by interference of the peak radiations from the Eart-
h’s surface (0.5 μm) and solar radiation from the sun 
(9.7 μm) because of the far distance of mid-infrared 
from these wavelengths and it works well when it is 
calibrated with local temperature conditions. In order 
to minimize the rate of false fire alarms multichan-
nel thresholds detection technique was developed by 
using both the temperature of mid-infrared (Tm) and 
thermal-infrared (Tt). Pixels are classified as fire pixel 
when mid-infrared temperature is greater or equal to 
320K, difference between the mid-infrared and ther-
mal-infrared temperature is greater than 10K and ther-
mal-infrared temperature is greater than 240K (Zhao 
et  al. 2010; He, Li 2012). The assumptions of multi-
channel thresholds technique is given as ;Tm ≥ 320K, 
difference between Tm–Tt   > 10K and Tt > 240K.The 
multichannel thresholds detection technique performs 
better for continental and global applications but for 
local and regional purposes further tests have to be 
carried out due to reflections from heterogeneous land 
surfaces and different cloud types. 
The contextual methods use multichannel thresh-
old and variable background thresholds that are pixel 
specific with computation of mean, median and stan-
dard deviation of threshold variable in the mid-infra-
red (3.5–5 μm) and thermal-infrared (8–14 μm) wave-
bands (Flasse, Ceccato 1996; Amraoui et al. 2010). In 
addition, it involves fine tuning at sub-pixel fire size 
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and temperature to remove thermal anomaly asso-
ciated with overheating/overcooling of the ground, 
clouds and water bodies. This method has the merits 
of combining both single and multichannel approach 
but is hampered by when the background window is 
highly heterogeneous and poorly characterized. Also 
scan angle of satellite data acquisition far away from 
the nadir may be a limitation resulting in inadequate 
sampling of the background. 
The most common associated fire attributes used 
in detection of active fire are thermal emitted smoke 
plume emitted and thermal emitted radiance during 
fire occurrence. The visible (0.4–0.7 μm) and near-
infrared (NIR: 0.7–1.1 μm) wavebands are used for 
this purpose. This technique compliments the other 
ones to reduce false alarms arising from thin clouds 
by differentiating fire smoke from the background 
(Dlamini 2009; Reid et al. 2009). This method is di-
sadvantaged because strong wind can blow the smoke 
far away from where the fire originates and smoke can 
only emerge when fire is in progress.
2. Satellite remote sensing of fire 
The use of satellite remote sensing systems for surveil-
lance and detection of active fire in ecosystems are 
based on the above mentioned techniques. The com-
mon method employed by these satellite sensors is to 
explore the spectral bands that are sensitive to some 
fire attributes. For example, thermal and mid-infrared 
bands are sensitive to temperature, while the visible 
and near infrared bands are insightful to smoke and 
lightening from thunder. For example, the Advanced 
Very High Resolution Radiometer (AVHRR: Lentile 
et al. 2006; Van Der Werf et al. 2006; Pu et al. 2007), 
Geostationary Operational Environmental Satellite 
(GOES: Zhang, Kondragunta 2008), Meteosat-Spin-
ning Enhanced Visible and Infrared Imager (SEVIRI: 
Roberts, Wooster 2008), Tropical Rainfall Measur-
ing Mission (TRMM: Freitas et  al. 2005), Advanced 
Spaceborne Thermal Emission and Reflection Radi-
ometer (ASTER: Giglio et al. 2008), Total Ozone Map-
ping Spectrometer (TOMS: Zhang et al. 2005), Along 
Track Scanning Radiometer (ATSR: Fuller, Murphy 
2006), Advanced Along Track Scanning Radiometer 
(AATSR: Mota et  al. 2006), Defence Meteorological 
Satellite Programme-Operational Line-scan System 
(DMSP OLS: Kiran Chand et al. 2006) Landsat- En-
hanced Thematic Mapper Plus (Landsat-ETM+: Silva 
et al. 2005), Satellite Pour lХObservation de la Terre-
VEGETATION (SPOT-VEGETATION: Bartalev et al. 
2007), Moderate Resolution Imaging Spectroradiom-
eter (MODIS: Giglio et al. 2006). There has been regu-
lar usage of these satellite sensors for fire detection but 
their capabilities are limited as they are not intended 
for discovery of fire. For instance, the AVHRR, GOES 
and SEVIRI were originally designed as meteorological 
satellites, TOMS and TRMM can detect forest fires but 
they were primarily planned to collect data on ozone 
levels and rainfall/lightening associated with thunder 
strikes respectively. DMSP OLS and ATSR/AATSR are 
for night time fire detection, the geostationary GOES 
satellites have a spatial resolution of 4km with limited 
capability to detect small fires. High spatial resolution 
satellite sensors, such as Satellite Pour lХObservation 
de la Terre-High Resolution Visible and High Resolu-
tion Visible Infra Red (SPOT-HRV and HRVIR) and 
Landsat-ETM+ can provide high spatial resolution im-
ages but revisiting period of 26 days for SPOT-HRV/
HRVIR and 16 days for Landsat-ETM+ is a major 
limitation as fire data require instantaneous acquisi-
tion plus the difficulty of mosaicing for regional and 
global studies. Also Landsat-ETM+ data are available 
free of charge but at present the cost of SPOT-HRV/
HRVIR prevents widespread usage of SPOT-HRV/HR-
VIR products especially in this part of the world where 
this study is being carried out. With the exception of 
MODIS all the above mentioned satellite sensors are 
not specifically aimed for fire detection as they do not 
have the robust spatial, temporal, spectral and radio-
metric properties for fire detection, therefore their ac-
curacy in detecting fires are limited, therefore, MODIS 
dataset was used in this study. 
2.1. moderate resolution imaging 
spectroradiometer (modis)  
Moderate Resolution Imaging Spectroradiometer 
(MODIS) – instrument on board of Terra (morning) 
and Aqua (afternoon) spacecraft launched 1999 and 
2002 respectively has provided a remarkable opportu-
nity for monitoring fire activities both day and night 
(justice, Giglio et al. 2002; justice, Townshend et al. 
2002; Giglio et al. 2006; Davies et al. 2009; Giglio et al. 
2009). Furthermore, MODIS sensor includes bands 
that are specifically designed for fire detection at sub-
pixel size. Unlike other satellite sensors, MODIS sen-
sor on board the TERRA and AQUA were purposely 
designed for fire detection with enhanced fire algo-
rithm that uses absolute and contextual approach to 
minimize false alarms by removing artifacts from the 
background, water bodies and cloud cover. Moreover 
the 4 µm and 11 µm saturate at 500K and 400K while 
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the heritage AVHRR saturation point is~321 to 327K 
(Ressl et al. 2009; Peterson et al. 2012). In addition to 
spectral capability of 36 bands, fire detection is pos-
sible with MODIS in three spatial resolutions: 250 m 
(0.86 µm), 500 m (2.1 µm and 1.6 µm) and 1 km (4 µm 
and 11 µm) encompassing a range of the electro ma-
gnetic spectrum from visible to thermal infrared re-
gion.
3. Aim 
The aim of this study is to identify the magnitude of 
active fire in each type of the ecosystems in the study 
area using remotely sensed data derived from MODIS 
active fire product from january 2002 to December 
2011 and examine the data obtained with Principal 
Component Analysis (PCA).
4. Study area
Ondo state which is the study area lies within latitu-
des 5° 45′ and 7° 52′N longitudes 4° 20′ and 6° 5′E in 
the south western part of Nigeria, covering an area of 
about 15,000 sq km in extent. The climate is largely 
controlled by south west monsoon and north east trade 
winds resulting in two distinct seasons of rainy (April 
to October) and dry season (November to March). The 
annual rainfall decreases from the south to the north 
with the annual range from 1150 mm to 2000 mm 
while the range of temperature is from 21 °C to 29 °C 
throughout the year. There is a network of numerous 
rivers, creeks and lakes in the State. Generally, the land 
rises from 7 m in the coastal plains to highlands and 
inselbergs of 350 m to the highest with 700 m above sea 
level in the northern parts of the State. The study area 
is endowed with natural vegetation, in the south there 
is high evergreen forest consisting varieties of hardwo-
od timber such as Melicia excelsa, Antaris africana, 
Terminalia superba, Lophira procera, and Symphonia 
globulifera. Additionally, in the south there are fresh-
water swamp forests in the interior flat swamp along 
the rivers courses and mangrove vegetation near the 
coast. In the northern part, the vegetation consists of 
deciduous forest mixed with woody tree species such 
as Blighia sapida, Parkia biglobosa, and derived gras-
ses called savanna. Agriculture is the mainstay of the 
economy with major crops like cacao, kolanuts, coffee, 
rubber, oil palm and citrus cultivated for export while 
crops like yam, cocoyam, rice, corn, cassava, vegetables 
and fruits are produced as food for local consumption. 
In most parts of the study area the natural vegetation 
has been cleared through large scale use of fire based 
on the bush fallow plot rotational system because hi-
ring of tractors is very  expensive and most times it is 
very difficult to get as such the original vegetation have 
been highly degraded by burning. It is important to 
note that some exotic trees like teak (Tectona grandis) 
and pulp wood (Gmelina arborea) were introduced to 
establish forest plantations for forest conservation. The 
ecosystem types are: Intensively cultivated farmlands, 
woodlands, highland forest, freshwater swamp forest, 
tree crop plantation, forest plantation, mangrove forest 
and forest reserves (Fig. 1 and Table 1).
Fig. 1. Ecosystem type of the study area
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5. Data collection and methodology
Daily active fire data from the MODIS sensor on board 
of Terra and Aqua spacecrafts (morning – 10:30 AM 
and 10:30 PM afternoon – 1:30 PM and 1:30 AM equa-
torial overpass respectively) were downloaded from 
the MODIS Rapid Response System (MODIS 2015) 
from january 2002 to December 2011. The download-
ed data were in shape and text file format. The shape 
file comprises of dots showing the hotspots of 1-km 
MODIS active fire pixel and location as detected by 
MODIS sensor while the text file includes informa-
tion on the type of sensor (Terra and Aqua), locations 
(latitude and longitude), confidence limit (0 to 100%), 
acquisition time and date. The active fire hotspots 
from the MODIS datasets were imported into ArcGIS 
software version 9.3 for compilation into geographic 
information system (GIS) database management for-
mat. Satellite sensor data was superimposed on the 
map of ecosystem types (vector format) obtained from 
Ondo State Ministry of Natural Resources in Nigeria 
and the vector file of each ecosystem and was used to 
clip the dots (hot spots) showing fire detected within 
each ecosystem types. The dots were counted to obtain 
the fire statistics in the clipped subset of the ecosys-
tem types: Intensively cultivated farmlands, wood-
lands, highland forest, freshwater swamp forest, tree 
crop plantation, forest plantation, mangrove forest 
and forest reserves. In order to avoid false fire alarm 
rates the reliability and confidence limits of the data 
acquired from MODIS active fire product were taken 
into consideration as the average confidence of limit 
for the study area was 66%. A paired-samples t test 
was conducted to check for any significant differen-
ce in the fire datasets derived from the two satellites 
platforms of Terra and Aqua even though Terra and 
Aqua are expected to correlate since in general they 
observe the same fire on the same days. Paired-sam-
ples t test shows a very good association between the 
two datasets (Terra and Aqua) with strong positive 
correlation between the two with r = 0.86 and the p-
value was 0.08 > 0.05 at 95% confidence interval limit 
showing that there is no significant difference betwe-
en the two datasets. Also MODIS active fire data was 
verified with fire data collected by the Ondo-State 
Government agencies in Nigeria, including  the Mi-
nistry of Environment, Ministry of Natural Resources 
and Ministry of Agriculture; all the fire detected by 
MODIS active fire product were in agreement with 
the dates and time of fire occurrence of data collec-
ted by the above mentioned Government agencies. 
Subsequently, the fire statistics derived by counting 
the numbers of fire points (dots) clipped into each 
ecosystem polygons as detected by MODIS (TERRA 
and AQUA) satellite sensors for 120 months (january 
2002 to December 2011) were used to investigate the 
annual trends of fire occurrence, geographical spread 
of fire activities and subjected to PCA to identify the 
important ecosystems zones of fire eruption zones. 
Table 1. Ecosystem type and their description
Ecosystem Type Description Actual size (Sq. Km) Percentage
Intensively cultivated 
farmlands
Arable farming near urban/rural settlements with crops like, 
yams, cassava, corn, fruits and vegetables. 8960.26 61.11
Woodlands
Mainly deciduous trees with mixture of shrubs and tall 
grasses that have developed as result of structural changes in 
plant composition. 
2666.71 18.19
Highland forest Open forests on hill tops and dense forests along the slopes with mosses and epiphytes. 199.92 1.36
Freshwater swamp forest Forests in riparian zones along rivers and around lakes including permanently/seasonally flooded wetlands. 1885.28 12.86
Tree crop plantation Lands planted with permanent tree crops like cacao, kolanuts, oil palm, coffee and rubber. 153.03 1.04
Forest plantation Artificially established forest by vegetative planting/seedling of trees like teak and pulp wood. 66.65 0.45
Mangrove forest Forests near the coast along intertidal flats and salt marshes. 252.18 1.72
Forest reserves Forest with relatively little human disturbance and where logging not allowed. 478.91 3.27
Total 14662.94 100.00
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5.1. principal component Analysis (pcA) 
Principal Component Analysis (PCA) is a multivariate 
statistical technique used for orthogonal transforma-
tion of original variables in a dataset into new set of 
variables through linear combinations of uncorrelated 
variables with the aim of reducing the dimensionality, 
minimizing redundancy and maximizing the variance 
of the original variables for easy interpretation of the 
importance of each variable in the dataset (Abdi, Wil-
liams 2010; Everitt, Hothorn 2011). PCA was used to 
extract data for the most important components pur-
posely for a better understanding of the data structu-
re while  the relationships between combinations of 
the original variables (ecosystem types) and principal 
components was determined by component score co-
efficient matrix using multiple regression analysis and 
the highest principal component. For example, a ran-
dom vector X with correlated components xi (x1, x2…
x8) was transform to a random vector Y with uncor-
related components yi (y1, y2…y8) in the varieties of 
ecosystems of the study area. In this study, we have a 
data matrix of n observations (Fire incidences for 120 
months: january 2002 to December 2011) on p corre-
lated variables (8 ecosystems: x1, x2…x8). The corre-
lated variable p in the original data (8 ecosystems) is 
expressed in the Equation 1 based on the assumption 
that the column vector (n observations) is 0:
    





x5 Tree crop plantation
x6 Forest plantation
x7 Mangrove
x8 Forest reserve 
x   
   
   
   
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   =    
   
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   




Since the X original variable (x1, x2, ..., x8) are 
measurements of the same units, a covariance matrix 
(COV) of X was used and articulated as:
 
x11 x12 ... x18
x21 x22 ... x28
     ...
COV( ) = 
     ...
     ...










X .   (2)
To identify principal components of X, eigenvec-
tors (a11, a12, ..., a18), (a21, a22, ..., a28) to (a81, a82, ..., a88) 
of COV(X) were used to transform X original variable 
to y new variables y1, y2…….y8 expressed as:
 
y1 =  a11x1 +  a12x2 ... a18x8
y2 = a21x1 + a22x2 ... a28x8
                              ....
                              ...
                              ...





















 y1, y2, ..., y8 = Principal components; 
 a11, a12, ..., a18 = First eigenvector of covariance 
matrix and coefficient of the first principal com-
ponent;
 a21, a22, ..., a28 = Second eigenvector of covariance 
matrix and coefficient of the second principal 
component;
 a81, a82, ..., a 88 = Eighth eigenvector of covari-
ance matrix and coefficient of the eighth principal 
component;
 x1, x2, ..., x8 = Original variables.
Eigenvectors a11, a12, ..., a18 maximize y1, equals to 
the first eigenvector of transformed X with the highest 
variance. The variance of each principal component is 
known as eigenvalue (λ) of the associated eigenvector 
(a), so the direction of (a) in deriving new variables 
(y=y1, y2, ..., y8) are the principal components obtai-
ned by means of eigenvectors (a) corresponding to the 
same eigenvalues (λ) in any linear combination. Hen-
ce y1 explains the highest variance (eigenvalue) of the 
original data and is the first principal component fol-
lowed by y2 which is the second principal component 
uncorrelated with first principal component but have 
the second highest variance (eigenvalue) and so on in a 
decreasing order of importance and uncorrelated pat-
tern with preceding principal component to the lowest 
variance y8. 
5.2. data screening for pcA
Data screening was carried out to verify the complian-
ce of the datasets used in this study with the require-
ments of PCA. These screening include sample adequ-
acy criterion of Kaiser-Meyer-Olkin (KMO), Bartlett’s 
test of sphericity and covariance matrix determinant. 
The value of KMO ranges from 0 to 1 and in this ana-
lysis the KMO is 0.88 which is near to 1, indicating 
that the data samples are adequate and reliable. Bar-
tlett’s test was used to test the null hypothesis that the 
correlation matrix is an identical matrix, the test of 
significance shows that p < 0.0001 which is less than 
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0.05, hence, the null hypothesis was rejected implying 
that the correlation matrix is not an identical matrix 
but there are some relationships among the original 
variables making PCA suitable for this analysis. The 
covariance matrix determinant was 69.98; in this case 
it is high above 0.0001 signifying that there is no issue 
of singularity and multicollinearity in the data making 
it satisfactory for PCA to be used in this investigation. 
Covariance matrix was used in this PCA, because the 
measurements of the variables are in the same unit, ob-
tained by counting the numbers of fire (dots) detected 
by MODIS in each polygon of the ecosystems, unlike 
the correlation matrix which is used to standardize data 
when measurements are of different units. Covariance 
matrix of the transformed data with eigenvalues great-
er than 1 and scree plot test of the eigenvalues related 
to each component was used to separate and retain the 
meaningful components while the unimportant ones 
were discarded, therefore, two out of the eight principal 
components were retained in this study.
6. Data analysis 
6.1. Annual trends and geographical distribution  
of fire occurrence
The annual occurrence of fire shows an increasing pat-
tern from the year 2002 to 2011 (10 years). In the year 
2002 the annual fire observed was 39 while in the year 
2011 it was 189 which is an increase of 384.6 % and 
average of 38.46 % annual increase (Fig. 2).
The annual mean of fire occurrence varies from 5 
in 2002 to 24 in 2010 and 2011 while the standard de-
viation ranges from 6 in the year 2002 to 27 in the year 
2010. The modal years were 2006 and 2007 with 136 
fire incidences. The total annual fire incidences obser-
ved during the study period 10 years (120 months) was 
1379 while the percentage contributed by each ecosys-
tem ranges from the lowest value of 3.63% to highest 
value 49.67% for tree crop plantation to intensively 
cultivated farmlands respectively (Table 2). 
The geographical distribution of fire events in the 
study area shows that intensively cultivated farmlands 
have the highest occurrence with the value of 685 fire 
events and the lowest was tree crop plantation with 50 
while freshwater swamp forest have 250, highland fo-
rest 117, woodland 104, mangrove 61, forest reserves 
58 and forest plantation 54 (Table 2 and Fig. 3). The 
reason for the high fire occurrence in the freshwater 
swamp forest was as a result of petroleum mining acti-
vities in this ecosystem.















685 5.64 49.67 120
Woodlands 104 .85 7.54 120
Highland 




250 2.01 18.13 120
Tree crop 
plantation 50 .42 3.63 120
Forest  
plantation 54 .45 3.92 120
Mangrove  
forest 61 .48 4.42 120
Forest 
reserves 58 .48 4.21 120
Total 1379 100
6.2. rotated component matrix
Varimax rotation method was utilized to produce ort-
hogonal transformation of the components along the 
principal axis for lucid interpretation of the two com-
ponents extracted for this analysis. The contribution 
of the selected two principal components out of eight 
accounted for 92.29% of total variance in the data of 
which the first principal component contributed 
87.56% while the second principal component contri-
butes only 4.72%. In this analysis and interpretation a 
measure of a variable that is loaded on a given compo-
nent was determined by variables that have the value 
of 0.50 and above in the rotated component matrix and 
the loading of the variables in component (Table 3). 
The first principal component has eigenvalue of 
7.69. It explains 87.56% of the total variance in the data Fig. 2. Annual trend of fire incidence 
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which include intensively cultivated farmlands (0.13), 
woodlands (0.46), highland forest (0.34), forest planta-
tion (0.26), mangrove forest (0.19), are less significant 
variables, due to their low loading.  
6.3. component score coefficient matrix
In order to objectively identify the major zones of fire 
outbreak among the ecosystems component score co-
efficient matrix was used to determine the regression 
coefficient by relating the original variables to the first 
principal component contributed to the total variation 
in the data because of the high magnitude of 87.56% 
while the second principal component was conside-
red to be insignificant and discarded because of low 
contribution of 4.72%. The result shows that highland 
forest has the highest score with 0.65 followed by in-
tensively cultivated farmlands 0.60 (Table 4). 
Fig. 3. Geographical distribution of fire detected (red dots)  
in each of the ecosystem types (yellow polygon)  
from year 2002 to 2011
and it is heavily loaded on four variables: Highland fo-
rest (0.92), forest plantation (0.79), woodlands (0.77) 
and intensively cultivated farmlands (0.75). The loa-
ding for freshwater swamp forest was (0.45), tree crop 
plantation (0.46), mangrove (–0.02), forest reserves 
(0.36) are low when compared with the bench mark of 
0.50 including the negative value of –0.02 for mangro-
ve. The second principal component has eigenvalue of 
4.15. It explains 4.72% of the total variance in the data 
with three significant variables: Freshwater swamp fo-
rest (0.63), forest reserve (0. 62) and tree crop plan-





Intensively cultivated farmlands 0.75 0.13
Woodlands 0.77 0.46
Highland forest 0.92 0.34
Freshwater swamp forest 0.45 0.63
Tree crop plantation 0.46 0.52
Forest plantation 0.79 0.26
Mangrove forest –0.02 0.19
Forest reserve 0.36 0.62
Eigenvalue 7. 69 4.15
Percentage of eigenvalue 87. 56 4.72
Cumulative percentage of 
eigenvalue 87. 56 92.29
Table 3. Rotated component matrix
Table 4. Component Score Coefficient Matrix
Component Score Coefficient Matrix
Variable Component
Intensive cultivated farmlands 0.60
Woodlands 0.21
Highland forest 0.65
Freshwater swamp forest –0.56
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Others are with low scores: Woodlands (0.205), 
forest plantation (0.100) including negative scores for 
tree crop plantation (–0.013), mangrove (–0.069), fo-
rest reserves (–0.065) all have low scores while fresh-
water swamp forest has the lowest value of –0.563.
7. Interpretation of results
It is evident from this analysis that resultant fire events 
within the eight ecosystems studied are of two catego-
ries: Intentional fire use and accidental fires. The fire 
outburst in the variables that loaded heavily on the first 
principal component is as a result of intentional use of 
fire. These are highland forest, forest plantation, woo-
dlands and intensive cultivated farmlands ecosystems. 
For example, fire is purposely used to gain accessibility 
into the highland forest and forest plantation for tim-
ber extraction while fire is mostly utilized for clearing 
of land clearing in preparation planting of crops. 
The variables that loaded heavily on second prin-
cipal component is primarily accidental fire. These 
are fire incidence in freshwater swamp forest, forest 
reserves and tree crop plantation. Freshwater swamp 
forest for example, has a total of 250 fires events and 
accounted for 18.13% during the study period which 
is abnormal for this type of ecosystem in an aquatic 
environment. However this unusual fire episode is as 
a result of oil spill and leakages of petroleum pipelines 
because major petroleum and gas exploitation are lo-
cated within this ecosystem in the study area. Forest 
reserves are protected areas while tree crop plantations 
are agricultural lands with permanent tree crops where 
fire incidences are rare. 
The result of the component score coefficient ma-
trix shows that highland forest has the highest score of 
0.65 followed by intensively cultivated farmlands with 
0.60. Highland forest and intensively cultivated farm-
lands ecosystem are therefore the hub fire outbreak 
identified among the ecosystems.
Conclusions
The MODIS active fire product has been a valuable 
data source for detecting fire hotspots and PCA satis-
factorily identified the major zones and causes of fire 
occurrence in this study. This was corroborated with 
the information gathered by the environmental, agri-
cultural and forestry resources related Government 
agencies in Ondo State of Nigeria. It is found that des-
criptive statistics obtained from MODIS shows that 
intensively cultivated farmlands has the highest fire 
events of 685 followed by freshwater swamp forest 
with 250 occurrences due to frequent accidental fires 
from petroleum production. Highland forest, forest 
plantation, woodlands and intensive cultivated farm-
lands ecosystems are heavily loaded on the first prin-
cipal component originating from intentional fire use 
while second principal component are heavily loaded 
with freshwater swamp forest, forest reserves and tree 
crop plantation emanating from accidental fires. The 
regression coefficient of component score matrix re-
vealed that highland forest and intensively cultivated 
farmlands are the major ecosystem centres of fire oc-
currence in this study whereas from the entire analy-
sis fire incidence in the mangrove forest is still very 
remote. 
Major fire prevention efforts therefore should 
be concentrated on intensively cultivated farmlands, 
highland forest and in particular fire from freshwater 
swamp forest where petroleum production is rampant. 
There is need to educate and create awareness about 
the environmental impact and hazard of fire for far-
mers and lumbers in particular and all inhabitant in 
general on ecosystem burning  while law enforcement 
is urgently required on indiscriminate use of fire (in-
cluding mitigation) and safety measures to be establis-
hed  by petroleum producing companies.
Finally, the results of this study will provide a lead 
to a well coordinated near real time information that 
can be of utility for early warning, monitoring, miti-
gation and intervention against catastrophic active 
fire disaster plus a supportive guide for post fire as-
sessment and recovery over geographical regions that 
have similar ecosystems and human activities with the 
study area.  
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